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A b s t r a c t We studied the effect of a structured electronic communication service on health care spending,
comparing doctor office and laboratory spending for a group of patients before and after the service became available
to them relative to changes in a control group. In the treatment group, doctor office spending and laboratory spending
fell in the period after the service became available, relative to the control group (p , 0.05). A rough estimate is that
average doctor office spending per treatment group member per month fell $1.71 after availability of the service, and
laboratory spending fell roughly $0.12. Spending associated with use of the electronic service was $0.29 per member
per month. We conclude that use of structured electronic visits can reduce health care spending.
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Use of the Internet for health care has generated considerable
interest in recent years.1–6 While concerns continue to persist
about issues like privacy and the quality of Internet-based
information and communication,3,7–15 at their best, electronic
technologies promise an efficient mechanism by which infor-
mation can be disseminated, communication enhanced, and
improvements in health care facilitated. One possibility is
that harnessing the Internet to enhance communication be-
tween physicians and patientswill lead to improved efficiency
inmedical care and reduced costs. Effective electronic commu-
nication between patients and physicians may even be able to
reduce the need for office visits in some circumstances and
generate spending reductions. On the other hand, expanded
electronic communication may increase workloads for phy-
sicians without improving health or might even lead to re-
ductions in care effectiveness. Understanding the effects of
expanded communication is increasingly important as efforts
to use more electronic communication, aided by policy
changes like the addition of codes to allow compensation
for electronic communication, expand.

This study evaluated the effects on health care spending of an
Internet-based physician-patient communication system. We
studied the impact of the service offered by RelayHealth, a
health care firm in the San Francisco Bay area. They offer a
service whereby patients can communicate with their physi-
cians using free-text messaging as well as an Internet-based
structured patient interview called a webVisit, which pro-
vides a structured set of diagnostically oriented questions
that depend on patients’ conditions and responses to previ-
ous questions. When both patients and their physicians are
registered for the service, patients’ free-text messages or
webVisits are transmitted via the RelayHealth Web site to
the physician for response or further action. The service con-
tains security provisions to protect the privacy of the commu-
nication. RelayHealth also makes available at its Web site an
appointment request service, a referral request service, a pre-
scription renewal request service, a laboratory and test results
service, and a mechanism for physicians to provide prescrip-
tions (‘‘e-scripts’’). We focus our analysis on the free-text
messaging and webVisit services.

In 2001–2002, with the intent of creating a setting that would
facilitate a study of the effects of the service, RelayHealth in
cooperation with Blue Shield of California conducted a pilot
implementation, making the service available to more than
2,000 Blue Shield of California patients and their physicians.
This paper analyzes this pilot implementation and its impact
on health care spending. We use detailed claims data to track
spending for key health care services likely to be affected by
the availability of the Internet service, comparing spending
in the time period before the service was available to spend-
ing in the time period after it was available. We incorporate
spending data from a matched control group to account for
contemporaneous trends in spending.

While this study focuses on one particular method of commu-
nication in one population, it provides useful first evidence
about the impacts of using the Internet for doctor-patient com-
munication on spending. While electronic communication
between physicians and patients has attracted considerable
attention for its benefits as well as its risks,16–21 we are aware
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of no systematic evidence of the impacts of electronic doctor-
patient communication on health care use and spending.

Study Setting and Claims Data
Beginning in February 2001, all 1,742 physicians participating
in Blue Shield of California Preferred Provider Organization
(PPO) who had at least 75 PPO patients were invited to par-
ticipate in the study. Of these, 176 (10.1%) agreed to partici-
pate. Those who agreed to participate received a one-time
payment of $100 and thereafter had the ability to use the
RelayHealth service. Physicians faced no charges for their
use of the service and were eligible for $20 payments from
Blue Shield of California for each webVisit they conducted.
Nonclinical administrative use of the service was available
but was not reimbursed.

Blue Shield of California patients were recruited for the study
from practices of participating physicians beginning in March
2001. Recruitment was by mail, e-mail, or telephone contact
or through direct communication with their doctor. A total
of 2,357 patients agreed to participate and to have their health
expenditures tracked as part of the study. The majority of the
patients participating in the study were adults, although
some were children whose parents could use the service for
their health care. Although concentrated in metropolitan
areas, individuals from all regions of California were in-
cluded. Patients who enrolled could begin using the service
in April 2001. Most patients could use the service free of
charge, although a minority of physicians charged small co-
payments when the Blue Shield of California benefit packages
included a copayment for office visits.

The study examined health care spending by analyzing Blue
Shield of California health insurance coverage information as
well as detailed and comprehensive claims data spanning the
period June 1, 2000 through May 31, 2002 for the enrolled pa-
tients. Of the 2,357 patients, 369 could not be uniquely linked
to Blue Shield of California records, leaving 1,988 patients for
analysis. These 1,988 patients provide 42,452 patient-months
of data during the June 1, 2000 through May 31, 2002 period.
In addition to the insurance data, we obtained data on the
use of webVisits, free text messages, and other services by
enrolled patients from RelayHealth.

The 1,988 enrolled patients form the treatment group for our
study. For comparison, we obtained data on a control group
of patients. To be useful, the control group should have ap-
proximately the same characteristics as the treatment group.
In this case, it is important that the control group not only
match on demographic, geographic, health plan, and health
care characteristics, but also that they have Internet access.

The control group was selected using a multistep process.
First, patients enrolled in Blue Shield of California PPOs but
not in the practice of a physician who had elected to use the
RelayHealth service were identified. Second, the individuals
were eliminated from the set of potential controls if they
did not reside in the same zip codes as the treatment group.
This ensured that the controls had approximately the same
socioeconomic status, access to the same community and
health care services, and the same environmental influences.
Third, propensity score matching was used to select a subset
of patients from this group that best matched the treatment
group on demographic and health care use characteristics.
To implement the propensity score matching approach, we

estimated a logit model of the probability that an individual
was in the treatment group as a function of age, gender, inpa-
tient episodes, outpatient visits, and drug expenditures in the
year prior to the intervention. The results from this model
were then used to predict the propensity (probability) that
an individual in the set of potential controls would have
been a treatment group patient. Working with the set of
potential controls and their propensity scores, we identified
a set of controls with propensity scores that fell within the
range of propensity scores in the treatment data.

In the final step, the households of members of the propensity
score–matched group were surveyed by telephone and asked
about Internet access. The response rate to this telephone sur-
vey was less than 20%. Patients in households that reported
having access to the Internet were retained as controls for
this study. Enrollment and claims data were obtained for
this group from Blue Shield of California. In all, we have
data on 3,007 control patients, providing 68,345 patient-
months of data.

For the treatment and control groups, we used the claims data
to compute three measures of spending for each patient on a
monthly basis. We hypothesized that the RelayHealth service
is most likely to influence use of outpatient care for evaluation
and management of relatively routine conditions, so we fo-
cused on spending for services in doctor offices and laborato-
ries. We measured total office spending by summing claims
where codes for the place of service and the attending pro-
vider indicate services performed in a physician’s office.
This includes some laboratory services that are performed
in the doctor’s office but not those performed in an external
laboratory. This measure includes claims for a number of ser-
vices that we do not expect to be directly influenced by the
RelayHealth service, so we also developed a narrower mea-
sure of doctor office spending (which we term ‘‘MD office
spending’’) that excludes spending on chiropractors, acu-
puncturists, physical therapists, and occupational therapists.
Finally, we measured spending on laboratory services pro-
vided by laboratories external to physician offices.

For each measure for each patient, we used the claims data to
compute spending by month for each month the person was
covered by Blue Shield of California. We computed measures
of spending based on the allowed amounts in the claims data.
Since these data are the basis for payment, the allowed
amounts are closely monitored and should nearly always
accurately reflect the amount of spending Blue Shield of
California will allow for a given service. In general, the al-
lowed amounts reflect fee schedules and discounts that the
plan may have in place with different providers, before con-
sidering patient cost sharing or other similar factors that
would reduce the amount that the plan ultimately pays.
Spending measures do not include the costs of RelayHealth
use, which we accounted for separately.

Based on the enrollment date in the study, for each individual
in the treatment group, we categorized the monthly spending
data as being in either the ‘‘preservice’’ period, when the ser-
vice was not available to them, or the ‘‘service’’ period, when
the service was available to them. Enrollment dates vary
across individuals, ranging from April 2001 to February
2002. The majority of the registrations occurred between
April 2001 and July 2001. Individuals who enrolled in the
middle of the month have a partial month in the preservice
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period and a partial month in the service period, weighted
appropriately in the analysis. Of the 42,452 patient months
in the treatment group, 23,691.9 are in the preservice period,
and 18,760.1 are in the service period.

Examination of the distributions of the monthly spending
data revealed that the distributions were very skewed, with
a small number of observations at very high spending levels.
Because these observations seem largely driven by health care
demands and spending patterns for a small number of pa-
tients that are quite different from those of the vast majority
of patients in the data set, we excluded from analyses for a
given measure any individuals who had any monthly spend-
ing observation that was more than four standard deviations
above the mean for the measure. This excluded 11.5% of the
patient months for the office spending measures and 9.6%
of the patient-months for the laboratory spending measure.
We examined the robustness of our results to including all ob-
servations and found generally consistent results, although
somewhat smaller and with less statistical significance (as
might be expected given the increase in variance associated
with including the high outliers). For example, including all
observations in our models of office spending would reduce
the predicted savings amounts by 45%. In some ways, this
is not surprising since patients with very high spending are
unlikely to be substantially affected by the RelayHealth ser-
vice, and the inclusion of their very high spending data has
an important impact on the regression estimates.

Statistical Modeling
Our objective was to study spending changes in the treatment
group associated with the availability of the service, relative
to contemporaneous trends in the control group. We ap-
proached this as an intent-to-treat analysis, comparing spend-
ing in the groups that did and did not have access to the
service rather than attempting to study the subset of the treat-
ment group who did in fact use the service.

We began with simple comparisons of spending in the treat-
ment group before and after the service became available.
These comparisons are instructive but are not adjusted for
trends in spending, do not control for any characteristics of
the individuals, and are disproportionately influenced by
observations at the high end of the distribution even after ex-
cluding individuals with observations more than four stan-
dard deviations above the mean.

To incorporate the control group data, account for individual
characteristics, and better manage the skewed distributions,
we adopted a regression modeling strategy commonly used
in health economic analyses of spending data.22 This model,
referred to as a ‘‘two-part model,’’ is based on two regres-
sions: the first examining whether a given individual had
any spending and the second part predicting the logarithm
of spending among those who had any spending. The first
part of the model is expressly aimed at accounting for the an-
alytic problem posed by the large number of monthly spend-
ing observations with zero spending.

Specifically, in the first part, we estimated a probit model
(a model appropriate for dichotomous dependent variables,
closely related to a logit model) in which the dependent varia-
ble is a 0–1 indicator for whether a given patient-month has
any spending. We estimated this model at the level of the
patient-month. In addition to an indicator variable distin-

guishing members of the treatment group during the service
period, we included the following control variables: gender,
age (six groups: ,20, 20–29, 30–39, 40–49, 50–59, 601), three-
digit zip code, a control for membership in the treatment
group, and indicator variables for each month between June
2000 andMay 2002. Although the control group was matched
to the treatment group, as we show below, the matching was
not perfect, so including the controls in the modeling helped
to account for any differences in observable characteristics
between the treatment and control groups. The indicator for
membership in the treatment group accounted for any base-
line differences in spending between the two groups.

Essentially, this method allows the control group observa-
tions to trace out a time path in the spending measures and
allows us to learn whether the probability of spending in a
treatment group patient-month during the service period is
different from that in the preservice period, relative to con-
temporaneous changes for the control group. We expected
the results from part 1 of the model to be of particular interest
since they provide a mechanism for examining the hypothesis
that use of the RelayHealth service reduces the number of
encounters. Although we do not have a direct measure of en-
counters available in these data, if the number of encounters
is reduced, the probability of having no spending in any
given month should increase with the availability of the
Internet service.

For presentation, we used the part 1 results to compute the
predicted probability that any given patient-month in the
treatment group has nonzero spending during the preservice
and service periods, holding the controls for age, gender, and
geographic area fixed at their sample means.

In the secondpart of themodel,weused ordinary least squares
regression to estimate a model in which the dependent varia-
ble is the log of spending for patient-months in which there
is any spending. We included the same control variables as
in the first part. Here, in a way analogous to the first part of
the model, the results indicate whether there are changes in
the amount of spending given any spending between the pre-
service and service periods for the treatment group, relative to
simultaneous changes for the control group. For presentation,
we used the results to compute predicted mean spending for
the treatment group in the preservice and service periods,
holding the control variables fixed at their sample means.
Since this regression was estimated using the log of spending
as the dependent variable, predicted values are average log
spending values. We derived a predicted value for the mean
of the level of spending from the predicted value for mean
log spending usingDuan’s smearing estimator, a nonparamet-
ric approach to this transformation, which is more accurate
than other parametric approaches if the distribution of spend-
ing is not precisely log normal.23

Traditionally computed regression standard errors rely on the
assumption that all observations are independent. Since our
data contained multiple monthly observations for each indi-
vidual, there may be some correlation across observations
from the same people, violating the independence assump-
tion. To account for this, we computed robust standard errors
that explicitly allow for the potential for this correlation. We
used these standard errors in our tests for statistical signifi-
cance. We interpreted p-values of 0.05 or less as statistically
significant.
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Results
Sample Characteristics
Table 1 summarizes demographic and baseline spending data
for the treatment and control groups for each of the measures
(the samples for each measure vary slightly because we
excluded the set of high outliers specific to each measure).
The treatment and control groups appear to be relatively
well, but not perfectly, matched on key characteristics. The
treatment groups have a slightly higher share of males and
are slightly older. While the differences in the age and gender
distributions are statistically significant, the sizes of the differ-
ences are not large. We also compared average per-member
per-month spending amounts in the period before April 1,
2001 (the first possible date that study patients could use
the service) for our spending measures. There is some evi-
dence that the treatment group has lower average spending
than the control group on physician office spending mea-
sures. We included control variables in our analyses below
to account for these observable differences in characteristics
and baseline spending.

Use of the service among treatment group patients, who
were all eligible to use the service, was relatively limited.
RelayHealth personnel reviewed patterns of use by the treat-
ment group patients and reported that there were 215 reim-
bursable physician-patient interactions during the service
period.

Table 2 summarizes the distribution of the per-member per-
month spending levels for our three spendingmeasures, com-
bining the treatment and control groups, emphasizing that all
the spending measures are skewed, even after elimination of
the highest outliers.

Average Spending Comparisons
A straightforward way to look for differences associated with
availability of the service is to examine mean spending in the
treatment group before and after the service was available.
Table 3 reports mean per-member per-month spending for
the treatment group in the preservice and service periods
for the various spending measures. There are sizable declines
in mean spending between the preservice and service periods
in the treatment group.

Modeling Spending Changes
To incorporate the control group data, account for baseline
differences between the treatment and control groups, and
more explicitly incorporate the skewed distributions into
our approach, we used a two-part spending model. Table 4
presents the key results from the first part of the two-part
model (more complete results can be found in Appendix 1).
Here, we estimate a model of the probability that a patient-
month had any spending. For all office spending, the coeffi-
cient from the probit regression model is negative, suggesting
that the probability of having any spending is lower for the
treatment group in the service period relative to the preser-
vice period, but the coefficient is not statistically significant.
The rightmost two columns of Table 4 show the predicted
probabilities of having any spending in the preservice and
service periods, derived from the regression results. For the
more focused measures of MD office and laboratory spend-
ing, the results show a statistically significant reduction in
the probability of having any spending. In part 2 of the
model, which models the log of spending given any spend-
ing, we found no statistically significant relationships be-
tween the availability of the service and spending amounts
(Table 5 and more complete results in Appendix 1).

Table 1 j Characteristics of Treatment and Control Groups

All Office Spending MD Office Spending Laboratory Spending

Treatment Control p Value Treatment Control p Value Treatment Control p Value

Total patients 1,785 2,644 1,806 2,627 1,835 2,692
Total patient-months 37,947 60,018 38,411 59,615 38,959 61,106
% Male 42 38 ,0.01 42 38 ,0.01 42 39 ,0.01
% Female 58 62 58 62 58 61
% Age 0–19 y 28 26 ,0.01 28 26 ,0.01 27 26 ,0.01
% Age 20–29 y 4 7 4 7 4 6
% Age 30–39 y 10 14 10 14 10 14
% Age 40–49 y 21 25 21 25 20 24
% Age 50–59 y 24 22 25 22 25 23
% Age 60 y and older 12 6 12 6 13 7

Average spending
Pre-April 1, 2001 period
All office spending 50.80 53.49 0.013 — — — —
MD office spending — — 46.02 51.30 ,0.001 — —
Laboratory spending — — — — 0.62 0.69 0.20

Table 3 j Differences in Mean Spending for the
Treatment Group

Preservice
Period Mean

Service
Period Mean Difference p Value

All office spending 50.21 46.14 24.07 ,0.01
MD office spending 45.62 40.35 25.27 ,0.01
Laboratory spending 0.67 0.67 0.01 0.92

Table 2 j Summary Measures for the Per-Member
Per-Month Spending Variables

Mean SD Median
75th

Percentile
90th

Percentile

All office spending 49.29 105.31 0 55.00 162.50
MD office spending 45.98 99.08 0 52.27 154.53
Laboratory spending 0.72 6.25 0 0 0

SD 5 Standard Deviation.
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If the probability of having any spending in a given month is
reduced, average spending per member per month will also
be reduced. Since we observed no statistically significant
change in the level of spending given any spending, the
expected amount of net spending change is the reduction
in the probability of having any spending multiplied by the
amount of spending expected if there is any spending.
Using the sample average levels of the amount of spending,
given any spending, we could derive a rough estimate of
the net savings associated with the availability of service.

For the narrowerMD office spending measure, we observed a
statistically significant reduction in the probability of any
spending from 31.7% to 30.5%. Using the mean value of
$142.43 for spending in this category, among those who had
any spending, this would imply a reduction of per-member
per-month spending of $1.71. Using the broader office spend-
ing measure produced a similar estimated saving, but the
results were not statistically significant. For laboratory spend-
ing, with a mean of $39.28 among those who had spending,
the estimate of net per member per month spending reduc-
tion is $0.12.

Offsetting RelayHealth Costs
The estimates shown here do not include spending on
RelayHealth consultations, which must be considered to get
a complete picture of the cost effects of the service. In practice,
the exact cost of the service would depend on the amount that
providers are paid forWeb-based consultations, which would
likely vary from one situation to the next. In this case, we can
estimate the costs using the amounts paid in the pilot imple-
mentation that we study here. Among the patients studied
here, between June 2001 and May 31, 2002, there were 215
qualifying interactions. In this implementation, these were
paid at $25 per visit, $20 for the provider performing the
consultation and $5 for RelayHealth. At $25 per visit, 215
interactions would have cost $5,375. There are 18,760.1
patient-months in the study period in the treatment group.
An estimate of the per-member per-month spending on web-
Visits is thus $5,375 divided by 18,760.1, which equals $0.29.

Limitations
This study has some limitations. Because the selection of the
control group required not only matching of demographic

and health system characteristics but also completion of a
survey to assess Internet access, the final control group differs
from the treatment group in some ways. These differences
necessarily raise some questions about the comparability of
the two groups, although many of these differences, while
statistically significant, are small.

There are also issues of self-selection. The treatment group
comprised patients from the practices of physicians who elec-
ted to join the study. The patients themselves also had to elect
to join the study. Thus, the experience of the treatment group
here is best regarded as reflecting the experience of a group of
doctors and patients who have some interest in this type of
service. On the one hand, this group of doctors and patients
may be useful to study in that they may resemble those
most likely to take up future opportunities for electronic com-
munication. On the other hand, this sample is not representa-
tive of the population more generally, so these results may not
reflect what would happen if the service were made available
to less interested patients and physicians. It seems plausible
that if the service were made available to a less motivated
population, it would produce smaller savings and would
not be likely to result in increased spending. We do not,
however, have the data to test this directly.

Since we studied insurance claims, these results should be in-
terpreted as reflecting the impacts of the service on payments
by the insurance company. We did not track impacts on other
spending, like out-of-pocket spending by patients either in
the form of copayments and deductibles, or spending for
other services not covered by insurance.

The goal of this study was to assess implications for health
care spending and not to study health outcomes. The claims
data that we studied are not well equipped to evaluate health
outcomes. A full evaluation of the effects of expanded elec-
tronic communication will require careful assessment of
health care delivery and outcomes.

The financial specifics of this study may also be important.
Physicians were paid $20 per interaction, and most patients
could use the service for free. With these parameters, we
observed savings, but if the specific circumstances were to
change, it is not clear whether the same savings would be
observed. For example, consider the hypothetical case of
increasing the per-use payment to physicians to more than

Table 4 j Results From Part 1 Models for the Probability of Any Spending

Probit Regression
Coefficient (SE)

Coefficient
p Value

Predicted Probability,
Preservice Period

Predicted Probability,
Service Period

All office spending 20.030 (0.016) 0.062 33.5% 32.4%
MD office spending 20.032 (0.016) 0.046 31.7% 30.5%
Laboratory spending 20.092 (0.040) 0.021 1.1% 0.8%

Coefficients shown in column 1 are from probit models that also control for age, gender, three-digit zip code, month, and treatment group
membership. Robust standard errors (SE) are in parentheses.

Table 5 j Results From Part 2 Models of Log (Spending) for Patient-Months with Any Spending

Regression
Coefficient (SE)

Coefficient
p Value

Predicted Level of
Spending, Preservice Period

Predicted Level of
Spending, Service Period

All office spending 20.002 (0.018) 0.92 $138.60 $138.35
MD office spending 20.025 (0.018) 0.16 $132.91 $129.56
Laboratory spending 20.051 (0.068) 0.45 $40.98 $38.93

Coefficients shown in column 1 are from log-linear OLS models that also control for age, gender, three-digit zip code, month, and treatment
group membership. The predicted level of spending applies to those who had any spending. Robust standard errors (SE) are in parentheses.
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$20. We do not have the data to estimate the impact empiri-
cally, but one possibility is that a higher payment could
give physicians some additional interest in the service, which
could promote more use of the service. The cost of running
the service would be increased, both because more would
be paid per use and because there would be more use, but
the higher cost could be offset if expanded use also led to fur-
ther reductions in spending on office visits or other medical
care by patients. The ultimate impact on spending in this sce-
nario would depend on whether the reductions in medical
care costs would be large enough to offset the increased pay-
ments to doctors. Another possibility is that higher payments
to doctors would not change the amount of system use, in
which case the predicted savings would be clearly lower since
there would be more payments to doctors but not a chance for
offsetting reductions in medical care use.

Another important consideration is the free use by patients. If
patients were required to pay for the service, we speculate
that they would be less likely to use it, which would, on the
one hand, limit the impact of the service on their health
care spending and, on the other hand, increase revenues to
the health plan that could offset some of the cost of running
the service and paying doctors. The net result would depend
on which effect is larger.

Finally, the issue of conflict of interest should be noted. The
initial work that underlies this analysis, including the data
collection and development of the main features of the ana-
lytic approach, was conducted while some of the authors
were retained by RelayHealth to examine the impact of its
Web service on health spending. While the specific analyses
presented in this paper were conducted after those relation-
ships ended, some of the analyses here are similar to work
performed while they were in place. While we do not believe
these relationships impair the validity of the results, readers
should be aware of these circumstances.

Conclusions
This study examined the effects of making available a Web-
based consultation service to a large group of patients. This
is the first study that we are aware of that examines the im-
pacts of Internet-based health care provision on spending in
a large-scale setting. An important strength of the study is
that it incorporates strong and comprehensive claims data
from a large set of patients and includes a control group
matched to the treatment group to account for spending pat-
tern trends.

Mounting studies of the impact of electronic physician-
patient communication is costly and complex. Thus, despite
the fact that this study does have some limitations, we believe
it to be a useful opportunity to gain valuable information
about the impacts ofWeb-based communication on spending.
The results clearly suggest the potential for savings associated
with Internet communication. In particular, we find evidence
that the probability of having any spending on physician of-
fice services was reduced with the availability of the service.
Our rough estimate of the reduction in office visit spending
associated with availability of the service is $1.71 per member
per month, while the cost of the service was approximately
$0.29 per member per month. We lack the data to say exactly
how this came about—the claims data do not allow us to
clearly identify encounters, for example—but one plausible

possibility is that use of the service reduced the number of
visits and thus increased the probability of having no visits
in any given month.

We also found evidence that laboratory spending is also re-
duced, again because the probability of having any labora-
tory spending falls with the introduction of the service. Our
rough estimate of the reduction in spending on laboratory
services is $0.12 per member per month, which should be
evaluated in addition to reductions for physician office visits.
If office visits generate laboratory tests, a plausible explana-
tion for this result is that the service reduces the number of
office visits, which in turn reduces the number of laboratory
tests ordered. Taking these estimates of the reduction in MD
office claims and the reduction in laboratory spending to-
gether would yield an estimate of a reduction of $1.83 per
member per month for these two categories. Netting out the
$0.29 per-member per-month cost of providing the service
leaves $1.54. While in absolute magnitude this may seem a
relatively limited reduction, we note that this is approxi-
mately 3.3% of the total average MD office spending and lab-
oratory spending observed in our sample, and many other
health plan activities produce smaller percentage reductions
in per-member per-month spending and yet are highly val-
ued by health plans.

Readers should be aware that there is some uncertainty in the
estimated net spending reductions. That the results from the
part 1 models are statistically significant for MD office spend-
ing and laboratory spending provides a measure of security
for the finding of spending reductions and suggests that a
95% confidence interval for projections of the dollar amount
of savings would not include zero. However, the derivation
of net spending reduction figures involves combining multi-
ple estimated effects, each of which is subject to some uncer-
tainty, so that the potential for variation in the final result may
be important. It is difficult to precisely compute a standard
error for the composite net estimates, but it need not be im-
plausible to consider variations of 50% or more.

The Internet clearly has considerable promise to improve
health care delivery and possibly patient health as well.
Continued attention to developing Internet resources for
information dissemination and for communication could
provide important benefits for patients and doctors.
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Appendix 1 j Detailed Results From Part 1 and Part 2 Spending Models

All Office Spending MD Office Spending Lab Spending

Part 1 (probit) (1) Part 2 (OLS) (2) Part 1 (probit) (3) Part 2 (OLS) (4) Part 1 (probit) (5) Part 2 (OLS) (6)

Service available 20.030 (0.016) 20.002 (0.018) 20.032 (0.016)* 20.025 (0.018) 20.092 (0.040)* 20.051 (0.068)
Treatment group 0.010 (0.011) 20.088 (0.012)y 20.025 (0.011)* 20.103 (0.012)y 0.020 (0.028) 0.068 (0.048)
Male 20.216 (0.009)y 20.050 (0.010)y 20.204 (0.009)y 20.042 (0.010)y 20.268 (0.023)y 0.079 (0.042)
Age
20–29 y 0.045 (0.020)* 0.087 (0.022)y 0.027 (0.020) 0.049 (0.022)* 0.689 (0.049)y 0.165 (0.096)
30–39 y 0.113 (0.015)y 0.100 (0.016)y 0.074 (0.015)y 0.075 (0.016)y 0.557 (0.044)y 0.204 (0.089)*
40–49 y 0.136 (0.012)y 0.161 (0.013)y 0.114 (0.013)y 0.139 (0.013)y 0.634 (0.039)y 0.301 (0.080)y
50–59 y 0.252 (0.013)y 0.172 (0.013)y 0.225 (0.013)y 0.159 (0.013)y 0.662 (0.039)y 0.315 (0.079)y
60 y or over 0.405 (0.016)y 20.175 (0.020)y 0.395 (0.017)y 20.185 (0.020)y 0.683 (0.046)y 0.384 (0.088)y

June 2000 0.080 (0.031)y 20.080 (0.035)* 0.084 (0.031)y 20.078 (0.035)* 20.053 (0.074) 20.152 (0.136)
July 2000 0.034 (0.031) 20.085 (0.036)* 0.033 (0.031) 20.094 (0.036)y 20.098 (0.075) 20.053 (0.131)
August 2000 0.120 (0.031)y 20.017 (0.034) 0.127 (0.031)y 20.008 (0.034) 20.143 (0.076) 20.150 (0.130)
September 2000 0.104 (0.031)y 20.076 (0.034)* 0.116 (0.031)y 20.068 (0.034)* 20.125 (0.075) 20.089 (0.123)
October 2000 0.153 (0.030)y 20.084 (0.035)* 0.160 (0.030)y 20.091 (0.035)y 20.075 (0.073) 0.150 (0.120)
November 2000 0.176 (0.030)y 20.088 (0.034)* 0.179 (0.030)y 20.105 (0.034)y 20.075 (0.073) 20.100 (0.116)
December 2000 0.093 (0.030)y 20.127 (0.035)y 0.107 (0.030)y 20.140 (0.034)y 20.112 (0.074) 20.058 (0.114)
January 2001 0.223 (0.030)y 20.048 (0.032) 0.228 (0.030)y 20.055 (0.032) 20.172 (0.075)* 0.022 (0.126)
February 2001 0.139 (0.030)y 20.069 (0.033)* 0.148 (0.030)y 20.060 (0.032) 20.084 (0.073) 20.001 (0.125)
March 2001 0.225 (0.030)y 20.051 (0.033) 0.229 (0.030)y 20.058 (0.032) 20.066 (0.072) 0.055 (0.110)
April 2001 0.025 (0.029) 20.075 (0.034)* 0.038 (0.030) 20.078 (0.033)* 20.158 (0.074)* 20.069 (0.127)
May 2001 0.034 (0.029) 20.091 (0.033)y 0.044 (0.029) 20.093 (0.033)y 20.067 (0.071) 0.104 (0.108)
June 2001 0.005 (0.029) 20.077 (0.033)* 0.023 (0.029) 20.078 (0.033)* 20.195 (0.075)y 20.134 (0.144)
July 2001 20.007 (0.029) 20.061 (0.034) 20.001 (0.030) 20.062 (0.034) 20.052 (0.072) 20.035 (0.123)
August 2001 0.028 (0.029) 20.039 (0.034) 0.026 (0.030) 20.046 (0.033) 0.057 (0.069) 20.116 (0.109)
September 2001 20.041 (0.030) 20.039 (0.034) 20.041 (0.030) 20.042 (0.034) 20.006 (0.071) 20.022 (0.112)
October 2001 0.057 (0.029) 20.042 (0.034) 0.064 (0.029)* 20.038 (0.034) 0.061 (0.069) 0.146 (0.108)
November 2001 0.042 (0.030) 20.116 (0.035)y 0.048 (0.030) 20.119 (0.035)y 0.059 (0.069) 0.054 (0.109)
December 2001 20.012 (0.030) 20.099 (0.035)y 20.009 (0.030) 20.103 (0.035)y 20.042 (0.072) 0.099 (0.114)
January 2002 0.059 (0.030)* 0.039 (0.033) 0.066 (0.030)* 0.039 (0.033) 0.098 (0.068) 20.099 (0.113)
February 2002 0.047 (0.030) 20.028 (0.033) 0.061 (0.030)* 20.030 (0.033) 0.036 (0.071) 20.011 (0.105)
March 2002 0.048 (0.030) 20.029 (0.034) 0.057 (0.030) 20.033 (0.034) 0.061 (0.070) 0.048 (0.110)
April 2002 0.047 (0.030) 20.015 (0.035) 0.059 (0.030) 20.003 (0.034) 0.049 (0.071) 0.013 (0.116)
Constant 20.669 (0.039)y 4.513 (0.048)y 20.676 (0.039)y 4.529 (0.048)y 22.556 (0.093)y 2.804 (0.149)y

Observations 102168 33453 102233 32352 104355 1865

Note: Robust standard errors in parentheses.
*Significant at 5%.
ySignificant at 1%. Models also contain 36 dummy variables for 3-digit zip codes. Models are weighted to allow for partial preservice and service
period months for treatment group patients who enrolled in the study mid-month.
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